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Abstract

This study presents a series of optimization models for task assignment and resource alloca-
tion in data centers, aiming to minimize task completion time, energy consumption, and load
imbalance. We developed and evaluated multiple models, including a nonlinear formulation
that supports dynamic batching and a linear model that incorporates multi-resource con-
straints and energy-aware scheduling. Through extensive experiments on synthetic datasets,
we observed that while the nonlinear model provides flexibility, it suffers from scalability is-
sues due to computational complexity. In contrast, linearized models demonstrate stronger
performance on larger instances, with reduced solver time and improved feasibility. Building
on these insights, we introduced a fully linearized integrated model that combines dynamic
batching with energy and resource management, offering the most robust results across var-
ious test conditions. Our analysis also highlights the importance of selecting an appropriate
number of batches and the trade-offs it introduces in terms of model complexity and runtime.
Additionally, we address practical challenges in experimentation, such as solver constraints on
the NEOS platform and the need for automated job tracking. Future work will explore AI
driven optimization techniques and apply the proposed models to real data from industry-scale
data centers to further validate their applicability and effectiveness.

1 Introduction 1

In the era of big data and cloud computing, data centers play a pivotal role in processing and 2

storing vast amounts of information. Efficient resource allocation and minimizing task completion 3

time are critical for optimizing performance and reducing operational costs in data centers. Mixed 4

Integer Linear Programming (MILP) offers a mathematical approach to model and solve such 5

optimization problems. This project focuses on formulating an MILP model to optimize resource 6

allocation and task scheduling in data centers, aiming to minimize total completion time while 7

adhering to resource constraints. 8

2 Overview of Data Centers 9

2.1 Global Expansion of Data Centers 10

Data centers are rapidly expanding across the globe to meet the escalating demand for digital ser- 11

vices. The United States leads this growth, hosting approximately 5,426 data centers—the highest 12

number of any country—contributing to a global total of over 8,000 facilities spread across regions 13

like Europe, Asia-Pacific, and Latin America. Constructing and operating these centers involve 14

substantial investments; building costs can range from $7 million to $12 million per megawatt of 15

commissioned IT load, depending on the facility’s size and specifications. Hyperscale data centers 16

developed by tech giants such as Amazon, Google, and Facebook can exceed $1 billion in con- 17

struction costs. Operational expenses, including energy consumption, maintenance, staffing, and 18

technological upgrades, can amount to millions of dollars annually. Notable projects like Google’s 19

$5.5 billion investment in its Council Bluffs, Iowa, data center and Microsoft’s plans to invest ap- 20

proximately $80 billion in AI-enabled data centers during fiscal year 2025 underscore the significant 21

financial commitment required. The construction timeline for a data center typically spans 12 to 22
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36 months, influenced by factors such as the facility’s scale, technological requirements, regulatory 23

approvals, and site-specific challenges. 24

2.2 Data Centers and Cloud Computing: Challenges and Scheduling 25

Data centers form the essential backbone of the digital infrastructure, acting as global centers for 26

secure data storage, internet connectivity, and digital activities. They facilitate pervasive applica- 27

tions across diverse domains, including consumer, scientific, and business sectors, often delivered 28

through utility-oriented Cloud computing models based on pay-as-you-go principles. The demand 29

for data processing, storage, and communication services provided by data centers is experiencing 30

rapid growth. This growth is further accelerated by emerging data-intensive applications such as 31

Artificial Intelligence (AI), the Internet of Things (IoT), Big Data analytics, and digital manu- 32

facturing. Data centers handle a wide variety of workloads, ranging from large-scale data-parallel 33

applications common in enterprise computing, such as searching images or records and MapReduce 34

jobs, to applications requiring real-time services and low latency, like web serving, search, inter- 35

active debugging, data streaming, and mobile applications. They also support high-performance 36

computing tasks and event-triggered applications. These facilities must simultaneously manage 37

workloads with vastly different requirements, from throughput-oriented batch processing (e.g., 38

large-scale data analytics, indexing, video transcoding) to latency-sensitive continuous or real-time 39

processing (e.g., web requests, financial transactions, interactive applications). 40

Operating at this scale and accommodating such diverse, dynamic workloads presents numerous 41

significant challenges facing data centers today. One of the most prominent is their immense energy 42

consumption, contributing substantially to high operational costs and significant carbon footprints. 43

Energy efficiency has thus become a critical sustainability concern in the twenty-first century. Data 44

centers can consume as much energy as 25,000 households, and the electricity sector, often reliant 45

on fossil fuels, is a major source of CO2 emissions, linking data centers directly to climate change 46

concerns. A large portion of consumed electrical energy converts into heat, necessitating extensive 47

cooling systems. The costs associated with cooling can be substantial, potentially annualizing to 48

$4–$8 million for a medium-sized data center, and high temperatures can compromise system relia- 49

bility and availability. Furthermore, dynamic workload fluctuations often lead to overprovisioning 50

to ensure peak demand can be met, resulting in servers operating at low utilization levels. Servers 51

with low utilization are energy inefficient on a per-computation basis because their substantial idle 52

power loss (typically 10–70% of maximum power) is not offset by sufficient computational work. 53

The challenge is compounded by the scale and heterogeneity of modern data center infrastructure 54

and workloads. Ensuring reliable Quality of Service (QoS) and strict adherence to diverse Service 55

Level Agreements (SLAs), sometimes with variable requirements, while simultaneously managing 56

energy use and other costs, is a complex balancing act. Other challenges include significant com- 57

munication and reconfiguration latency, maintaining system reliability and fault-tolerance in the 58

face of frequent component failures, managing massive and diverse datasets, ensuring security and 59

privacy, and increasingly, dealing with limited power availability which inhibits market growth. 60

To navigate these challenges, effective resource management and resource scheduling algorithms 61

in data centers are paramount and represent active areas of research. The goal is often to improve 62

efficiency, reduce costs, and ensure performance and reliability. Various optimization techniques in 63

data centers and resource allocation models have been proposed, traditionally focusing on aspects 64

like admission control, capacity allocation, load balancing, energy optimization, and QoS guaran- 65

tees. Early work in energy management at the data center level focused on workload concentration 66

and switching idle nodes off to minimize power consumption. Economic frameworks involving ser- 67

vices “bidding” for resources have also been explored to balance usage cost and gained benefit. 68

Control theory approaches, often using feedback loops, have been applied to coordinate power 69

management policies. With the advent of virtualization, dynamic consolidation of Virtual Ma- 70

chines (VMs) onto a minimal set of physical nodes has become a productive technique for energy 71

saving by allowing idle nodes to enter power-saving modes like sleep or hibernate. This approach 72

leverages VM migration. 73

Cloud computing has become a transformative technology, revolutionizing the management 74

and delivery of computational resources across various industries. These services are typically 75

implemented within large-scale data centers, which house a vast number of servers, storage units, 76

and networking infrastructure. As cloud infrastructure continues to grow and diversify, efficiently 77

managing these resources and scheduling the numerous incoming jobs and tasks becomes a critical 78

challenge. 79

The dynamic and heterogeneous nature of cloud environments presents significant complexities 80

for scheduling algorithms. Key factors that influence scheduling decisions include the availability 81
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and heterogeneity of resources, task priority, task demands, resource requirements, and dependen- 82

cies among tasks. Cloud users often have specific quality-of-service (QoS) expectations, including 83

constraints on task completion time and desired response times. Inefficient job scheduling can lead 84

to excessive energy use, increasing operational costs and environmental impact. Thus, incorpo- 85

rating energy-efficient allocation strategies is a critical concern. Optimizing resource utilization, 86

particularly by minimizing the number of active servers, is a key method for achieving energy 87

savings. The complexity of these factors means that task scheduling in cloud computing systems 88

is recognized as an NP-complete problem. 89

While traditional scheduling algorithms, such as First-Come-First-Serve or Round Robin, have 90

been effective in simpler contexts, they often fail to meet the demanding and complex requirements 91

of modern cloud infrastructures with their dynamic workloads and heterogeneous resources. These 92

limitations necessitate the exploration and application of more advanced optimization techniques. 93

2.3 Core Objectives of Job Scheduling in Cloud Computing 94

Effective job scheduling mechanisms in cloud computing pursue a diverse yet interrelated set of 95

objectives. Foremost is minimizing makespan, which shortens the total completion time of all 96

tasks and boosts system throughput, an imperative for workloads with large task volumes (Kaur 97

et al. 2022c; Raju et al. 2013). Hand in hand with this aim is maximizing resource utilization, 98

ensuring that CPU, memory and storage are kept busy rather than idle, thereby driving down 99

operational costs (Sharma and Sharma 2013; Loganathan and Mukherjee 2015). Schedulers must 100

also safeguard fairness in resource allocation so that no user monopolizes shared infrastructure, a 101

challenge in multi tenant settings with heterogeneous priorities (Wang et al. 2014b; Tang et al. 102

2020). Energy aware strategies complement these goals by curbing power draw through judicious 103

scaling and elimination of idle periods (Hu et al. 2019, 2023), while SLA aware techniques keep 104

task completion within agreed windows to avoid penalties and protect user satisfaction (Nayak et 105

al. 2015; Islam et al. 2021). For latency sensitive domains such as online gaming or high frequency 106

trading, reducing task latency is paramount (Memari et al. 2022; Aburukba et al. 2020). In 107

distributed systems with heterogeneous resources, load balancing spreads work evenly to avert 108

hotspots and bolster reliability (Wang et al. 2014a; Paul et al. 2011). Cost aware scheduling 109

minimizes both allocation and data transfer expenses (Mansouri and Javidi 2020; Cheng et al. 110

2022a), while scalable algorithms accommodate rising workloads without sacrificing performance 111

(Khallouli and Huang 2022; Alsaih et al. 2020). Robustness is maintained through fault tolerant 112

rescheduling that mitigates hardware, network or software failures (Xu et al. 2023; Indhumathi et 113

al. 2023). Data locality aware methods further cut congestion by assigning tasks near the data they 114

require (Cheng et al. 2021; Mansouri and Javidi 2020). Dependency aware scheduling respects 115

task precedence constraints to guarantee correct execution order and efficient usage (Chen et al. 116

2022b; Chung et al. 2020). Finally, multi objective optimization frameworks orchestrate trade offs 117

among competing goals—such as jointly reducing makespan and enhancing fairness—using Pareto 118

based techniques (Cui et al. 2023; Mohammadzadeh and Masdari 2023). 119

2.4 A Taxonomy of AI Driven Job Scheduling Techniques 120

Figure 9 in the recent survey (Tirmazi et al.) proposes a clear four branch taxonomy that helps 121

position any data center scheduling approach on the broader AI landscape. At the top level it 122

distinguishes methods that learn policies from data, those that search with AI inspired optimisation 123

engines, classical heuristics enhanced by AI ideas, and finally hybrid frameworks that fuse AI with 124

traditional exact algorithms. Machine learning based methods rely on statistical pattern discovery. 125

They range from classic supervised pipelines that map workload features directly to scheduling 126

decisions, to unsupervised clustering that groups tasks before allocation, through reinforcement 127

learning agents that interact with the cluster in real time, and to modern deep learning models 128

that ingest rich graphs or traces and output placements. AI based optimisation treats scheduling 129

as a black box objective and uses advanced search engines to explore it. Evolutionary approaches 130

mimic genetic evolution, swarm intelligence methods follow collective behaviour rules (ants, bees, 131

particles), gradient based schemes exploit continuous relaxations when they exist, and other bio 132

inspired variants borrow ideas from physics or ecology. AI based heuristic and meta heuristic 133

techniques inject intelligence into well known constructive or local search heuristics. Some start 134

with simple constructive rules but tune their parameters via learning; others use trajectory based 135

meta heuristics such as simulated annealing or tabu search to escape local optima; population 136

based meta heuristics—including genetic algorithms and differential evolution—maintain many 137

candidate schedules and let them evolve. Hybrid AI based solutions combine the strengths of the 138
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above categories. One prominent strand couples machine learning predictors with meta heuristics, 139

using the former to guide or prune the latter’s search. Another strand embeds AI modules inside 140

classical scheduling algorithms—branch and bound or list scheduling—so that learned models 141

provide branching priorities or dynamic cost estimates while the traditional core preserves worst 142

case guarantees. 143

In the following section, we present four models along with various scenarios. We then select 144

three models for evaluation using three synthetic datasets. Lastly, we conclude the study and 145

provide appendices for additional analysis. 146

3 Models 147

3.1 First Model 148

The primary objective is to minimize the total completion time of tasks while efficiently allocating 149

resources. The ILP model will focus on the following objective function: 150∑
i∈T

Ci, ∀i ∈ T

Decision Variables 151

Let: 152

xij be a binary decision variable where: 153

xij =

{
1, if task i is assigned to server j,

0, otherwise.

Ci is a variable and represents the completion time of task i. 154

Parameters 155

• T is the set of tasks, i ∈ T 156

• S is the set of servers, j ∈ S 157

• pij is the processing time required to complete task i on server j. This is a fixed parameter 158

based on server capabilities and task requirements. For instance, we have an estimate that 159

task A takes 5 hours on my laptop (Server 1) but only 1 hour on a powerful university PC 160

(Server 2). 161

• rj is the resource capacity of server j 162

• di is the resource demand of task i 163

3.2 Scenarios and Constraints 164

Scenario 1: Single Resource Type 165

In this scenario, we consider a data center where tasks require a single type of resource, such as 166

CPU or GPU. 167

Constraints 168

Assignment Constraint: Each task must be assigned to exactly one server. 169∑
j∈S

xij = 1, ∀i ∈ T

Resource Capacity Constraint: The total resource demand on each server must not exceed its 170

capacity. 171∑
i∈T

dixij ≤ rj , ∀j ∈ S
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Completion Time Calculation: The completion time for each task is determined by its pro- 172

cessing time on the assigned server. 173

Ci =
∑
j∈S

pijxij , ∀i ∈ T

Scenario 2: Multiple Resource Types 174

Here, tasks require multiple types of resources (such as CPU, memory, and storage). 175

Additional Parameters 176

• R is the set of resource types, k ∈ R 177

• dik is the demand of resource k by task i 178

• rjk is the capacity of resource k on server j 179

New Constraints 180

Resource Capacity Constraints: For each resource type, the total demand must not exceed 181

the server’s capacity. 182∑
i∈T

dikxij ≤ rjk, ∀j ∈ S, ∀k ∈ R

Scenario 3: Batch Scheduling with Dynamic Batch Sizes and Durations 183

This model allows batches to have variable sizes and durations, optimizing the schedule based on 184

task requirements. The model has a non-linear constraint (constraint 6). 185

Sets and Indices 186

• T : Set of tasks, indexed by i. 187

• S: Set of servers, indexed by j. 188

• K: Set of batches (cycles), indexed by k. 189

Parameters 190

• pij : Processing time required to complete task i on server j. 191

• di: Resource demand of task i. 192

• rj : Resource capacity of server j. 193

Decision Variables 194

• xijk ∈ {0, 1}: Binary variable equal to 1 if task i is assigned to server j in batch k; 0 otherwise. 195

• sk ≥ 0: Continuous variable representing the start time of batch k. 196

• Dk ≥ 0: Continuous variable representing the duration of batch k. 197

• Ci ≥ 0: Continuous variable representing the completion time of task i. 198

Objective Function 199

Minimize the total completion times of all tasks: 200

min
∑
i∈T

Ci (1)
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Constraints 201

1. Assignment Constraint Each task must be assigned to exactly one server in one batch: 202∑
j∈S

∑
k∈K

xijk = 1, ∀i ∈ T (2)

2. Resource Capacity Constraints For each server in each batch, the total resource demand 203

must not exceed its capacity: 204∑
i∈T

dixijk ≤ rj , ∀j ∈ S, ∀k ∈ K (3)

3. Batch Duration Constraints The duration of each batch must cover the processing times 205

of the tasks assigned to it: 206

Dk ≥ pijxijk, ∀i ∈ T, ∀j ∈ S, ∀k ∈ K (4)

4. Batch Sequencing Constraints Batches are processed sequentially; the start time of the 207

next batch begins after the previous one ends: 208

sk+1 ≥ sk +Dk, ∀k ∈ K (5)

5. Batch Start Time The first batch starts at or after time zero: 209

s1 ≥ 0 (6)

6. Completion Time Calculation (non-linear) The completion time of each task is the start 210

time of its batch plus its processing time: 211

Ci =
∑
j∈S

∑
k∈K

(sk + pij)xijk, ∀i ∈ T (7)

Scenario 4: Batch Scheduling with Fixed Batch Sizes and Durations 212

This model uses predetermined batch sizes and durations, providing a structured scheduling frame- 213

work. 214

Additional Parameters 215

• Dk: Fixed duration of batch k (given). 216

• m: Maximum number of tasks per batch (fixed batch size). 217

Decision Variables 218

• xijk ∈ {0, 1}: Binary variable equal to 1 if task i is assigned to server j in batch k; 0 otherwise. 219

• sk ≥ 0: Continuous variable representing the start time of batch k. 220

• Ci ≥ 0: Continuous variable representing the completion time of task i. 221

Objective Function 222

Minimize the total completion times of all tasks: 223

min
∑
i∈T

Ci (8)

Constraints 224

1. Assignment Constraint Each task must be assigned to exactly one server in one batch: 225∑
j∈S

∑
k∈K

xijk = 1, ∀i ∈ T (9)
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2. Resource Capacity Constraints For each server in each batch, the total resource demand 226

must not exceed its capacity: 227∑
i∈T

dixijk ≤ rj , ∀j ∈ S, ∀k ∈ K (10)

3. Batch Duration Constraints The processing time of any task assigned to a batch must 228

not exceed the fixed duration of that batch: 229

pijxijk ≤ Dk, ∀i ∈ T, ∀j ∈ S, ∀k ∈ K (11)

4. Batch Size Constraints The number of tasks assigned to each batch must not exceed the 230

maximum batch size m: 231∑
i∈T

∑
j∈S

xijk ≤ m, ∀k ∈ K (12)

5. Batch Sequencing Constraints Batches are processed sequentially; the start time of the 232

next batch begins after the fixed duration of the current batch: 233

sk+1 ≥ sk +Dk, ∀k ∈ K (13)

6. Batch Start Time The first batch starts at or after time zero: 234

s1 ≥ 0 (14)

7. Completion Time Calculation The completion time of each task is the start time of its 235

batch plus its processing time: 236

Ci =
∑
j∈S

∑
k∈K

(sk + pij)xijk, ∀i ∈ T (15)

3.3 Second Model 237

The original objective function aims to minimize the total completion time of tasks. We can 238

augment this by adding: 239

• Energy Consumption Minimization: Reduce the total energy consumption of servers. 240

• Load Balancing: Distribute tasks evenly across servers to prevent overloading. 241

• Task Prioritization: Prioritize critical tasks by assigning weights. 242

The new objective function becomes: 243

Minimize
∑
i∈T

wiCi + α
∑
j∈S

Ej + β
∑
j∈S

Lj

Where: 244

• wi is the priority weight of task i. 245

• Ej is the energy consumption of server j. 246

• Lj is a load balancing term for server j. 247

• α and β are scaling coefficients. 248
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New Decision Variables and Parameters 249

Decision Variables 250

• yj is a binary variable where: 251

yj =

{
1, if server j is active,

0, otherwise.

Parameters 252

• ej is the energy consumption rate of server j. 253

• wi is the priority weight of task i. 254

• M is a large constant used in constraints. 255

Additional Constraints 256

Server Activation Constraint: A server must be activated if any task is assigned to it. 257∑
i∈T

xij ≤ Myj , ∀j ∈ S

Load Balancing Constraints: Ensure that the number of tasks assigned to each server is within 258

a certain range. 259

Lj =

∣∣∣∣∣∑
i∈T

xij −
|T |
|S|

∣∣∣∣∣ , ∀j ∈ S

Task Precedence Constraints: Some tasks must be completed before others can start. 260

Ci + Sij ≤ Ck, ∀(i, k) ∈ P

Where: 261

• P is the set of task pairs with precedence relations. 262

• Sij is the setup time between tasks i and k. 263

Time Window Constraints: Tasks must start and finish within specific time windows. 264

si ≤ Ci ≤ fi, ∀i ∈ T

Where: 265

• si is the earliest start time of task i. 266

• fi is the latest finish time of task i. 267

3.4 Third Model 268

To create a more accurate and efficient resource allocation model for data centers, we can include 269

additional separate load balancing terms for each critical resource, incorporating utilization ratios. 270

This enhancement allows us to balance the load of each resource type (such as CPU, GPU, Memory, 271

Storage) across servers, ensuring that no single resource becomes a bottleneck. The updated model 272

builds upon the original objective function, which aims to minimize the total completion time of 273

tasks, energy consumption, and load imbalance. 274
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New Objective Function 275

The new objective function is: 276

Minimize Z =
∑
i∈T

wi

∑
j∈S

pi,jxi,j + α
∑
j∈S

ej

(∑
i∈T

(pi,j + Si,j)xi,j

)
+ β

∑
j∈S

∑
k∈R

Lj,k

To better show it: 277

Minimize Z =
∑
i∈T

wiCi + α
∑
j∈S

Ej + β
∑
j∈S

∑
k∈R

Lj,k

Where: 278

• wi: Priority weight of task i. 279

• Ci: Completion time of task i. 280

• Ej : Energy consumption of server j. 281

• ej : is the energy consumption rate of server j 282

• pij : Processing time required to complete task i on server j. 283

• Lj,k: Load imbalance term for server j for each resource k in the set of resources R. 284

• Sij : is the setup time between tasks i and k. 285

• α, β: Scaling coefficients. 286

• T : Set of tasks. 287

• S: Set of servers. 288

• R: Set of resources. 289

Definitions 290

• Resources (R): The set of key resources (GPU, CPU, Memory, Storage). 291

• Utilization Ratio (Uj,k): The utilization of resource k on server j. 292

• Average Utilization (Uavg,k): The average utilization of resource k across all servers. 293

• Load Imbalance (Lj,k): The absolute difference between Uj,k and Uavg,k. 294

Parameters 295

• di,k: Demand of resource k by task i. 296

• rj,k: Capacity of resource k on server j. 297

• ej : Energy consumption rate of server j. 298

• pi,j : Processing time of task i on server j. 299

• wi: Priority weight of task i. 300

• M : A large constant for server activation constraints. 301

• α, β: Scaling coefficients. 302

Decision Variables 303

• xi,j ∈ {0, 1}: Assignment of task i to server j. 304

• yj ∈ {0, 1}: Server activation indicator. 305

• Ci ≥ 0: Completion time of task i. 306

• Ej ≥ 0: Energy consumption of server j. 307

• Uj,k ≥ 0: Utilization of resource k on server j. 308

• Lj,k ≥ 0: Load imbalance of resource k on server j. 309
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Constraints 310

1. Assignment Constraint Each task must be assigned to exactly one server: 311∑
j∈S

xi,j = 1, ∀i ∈ T

2. Server Activation Constraint A server must be activated if any task is assigned to it: 312∑
i∈T

xi,j ≤ Myj , ∀j ∈ S

3. Resource Capacity Constraints For each resource k, the total demand on a server cannot 313

exceed its capacity: 314∑
i∈T

di,kxi,j ≤ rj,kyj , ∀j ∈ S, ∀k ∈ R

4. Completion Time Calculation The completion time for each task is determined by its 315

processing time on the assigned server: 316

Ci =
∑
j∈S

pi,jxi,j , ∀i ∈ T

5. Energy Consumption Calculation The total energy consumption of a server over the 317

period processing a set of sequential tasks (setup time included): 318

Ej = ej
∑
i∈T

(pi,j + Si,j)xi,j , ∀j ∈ S

6. Utilization Ratio Calculation Calculate the utilization of each resource on each server: 319

Uj,k =

∑
i∈T di,kxi,j

rj,k
, ∀j ∈ S, ∀k ∈ R

7. Average Utilization Calculation Compute the average utilization for each resource across 320

all servers: 321

Uavg,k =

∑
j∈S

∑
i∈T di,kxi,j∑

j∈S rj,k
, ∀k ∈ R

8. Load Imbalance Constraints Calculate the load imbalance for each resource on each server: 322

Lj,k ≥ |Uj,k − Uavg,k| , ∀j ∈ S, ∀k ∈ R

Alternatively: 323

Lj,k ≥ Uj,k − Uavg,k, ∀j ∈ S,∀k ∈ R

Lj,k ≥ Uavg,k − Uj,k, ∀j ∈ S,∀k ∈ R

3.5 Fourth Model: Batch Scheduling with Multi-Resource Allocation 324

This model offers the best of both approaches by integrating a linearized version of Model 1, 325

Scenario 3, and Model 3 into a single, compact formulation. It simultaneously enables dynamic 326

batching and optimizes both resource utilization and energy efficiency. Specifically, the proposed 327

optimization framework jointly addresses the scheduling of tasks in batches and the allocation of 328

multiple resource types across a heterogeneous server pool. The objective is to minimize a com- 329

posite cost function that incorporates weighted task completion times, server energy consumption, 330

and resource load imbalance. 331
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3.5.1 Objective Function 332

minZ = γ
∑
i∈T

wiCi + α
∑
j∈S

Ej + β
∑
j∈S

∑
r∈R

Ljr (16)

3.5.2 Constraints 333

∑
j∈S

∑
k∈K

xijk = 1 ∀i ∈ T (Task Assignment) (17)

Dk ≥ pij · xijk ∀i ∈ T, j ∈ S, k ∈ K (Batch Duration) (18)

sk+1 ≥ sk +Dk ∀k < N (Batch Sequencing) (19)

s1 ≥ 0 (Batch Start Time) (20)

C batchik ≥ sk −M(1− xijk) ∀i, j, k (Start Time Capture) (21)

Ci ≥ C batchik + pij · xijk ∀i, j, k (Completion Time) (22)∑
i∈T

dirxijk ≤ rjr · yj ∀j, r, k (Resource Capacity) (23)∑
i∈T

∑
k∈K

xijk ≤ Myj ∀j (Server Activation) (24)

Ej = ej ·
∑
i∈T

∑
k∈K

(pij + S timeij)xijk ∀j (Energy Consumption) (25)

Ujr =

∑
i∈T

∑
k∈K dirxijk

rjr
∀j, r (Utilization Ratio) (26)

Ljr ≥ Ujr −
∑

j′∈S

∑
i∈T

∑
k∈K dirxij′k

sum r kr
∀j, r (Load Imbalance Upper) (27)

Ljr ≥
∑

j′∈S

∑
i∈T

∑
k∈K dirxij′k

sum r kr
− Ujr ∀j, r (Load Imbalance Lower) (28)

3.5.3 Sets and Indices 334

• T : Set of tasks, indexed by i 335

• S : Set of servers, indexed by j 336

• K = {1, . . . , N} : Set of batches, indexed by k 337

• R : Set of resource types, indexed by r 338

3.5.4 Parameters 339

• pij : Processing time of task i on server j 340

• S timeij : Setup time of task i on server j 341

• dir : Demand of resource r by task i 342

• rjr : Capacity of resource r on server j 343

• ej : Energy consumption rate of server j 344

• wi : Priority weight of task i 345

• α, β, γ : Weighting coefficients for energy, load imbalance, and completion time in the objec- 346

tive function 347

• M : A sufficiently large constant used in big-M constraints 348

• sum r kr =
∑

j∈S rjr : Total capacity for resource r 349
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3.5.5 Decision Variables 350

• xijk ∈ {0, 1} : Equals 1 if task i is assigned to server j in batch k 351

• sk ≥ 0 : Start time of batch k 352

• Dk ≥ 0 : Duration of batch k 353

• Ci ≥ 0 : Completion time of task i 354

• C batchik ≥ 0 : Start time of task i within batch k 355

• yj ∈ {0, 1} : Equals 1 if server j is active 356

• Ej ≥ 0 : Energy consumption of server j 357

• Ujr ≥ 0 : Utilization ratio of resource r on server j 358

• Ljr ≥ 0 : Load imbalance of resource r on server j 359

3.5.6 Ensuring Feasibility for Individual Tasks 360

To guarantee that each task can be assigned to at least one server, we first identify the maximum 361

demand for each resource across all tasks. Specifically, for each resource r ∈ R, we compute 362

maxDemand[r] = max
t∈T

d[t, r].

We then assign server capacities such that for each server j ∈ S and resource r ∈ R, the capacity 363

cap[j, r] is randomly selected from the interval 364

[maxDemand[r], maxDemand[r] + 6].

This ensures that every task t can be assigned to at least one server for every resource r, making 365

the model feasible at the level of individual task-server assignments. 366

3.5.7 Determining the Number of Batches 367

To determine the number of batches N , we ensure that the total resource demand can be met 368

across all servers and batches. For each resource r ∈ R, we compute: 369

sum demand[r] =
∑
t∈T

d[t, r], sum capacity[r] =
∑
j∈S

cap[j, r].

We then calculate the number of required batches for each resource as: 370

neededBatchesr =

⌈
sum demand[r]

sum capacity[r]

⌉
.

Finally, we define the number of batches N as: 371

N = max

(
2, max

r∈R
neededBatchesr

)
.

4 Assessment of Optimization Models 372

4.1 Overview of Experiments 373

In this study, we examined Model One, Scenario Three to evaluate the impact of batching on the 374

optimal completion time for each server. Our objective was to determine whether the model could 375

effectively assign tasks with varying demands to servers with different resource capacities across 376

a set of predetermined batches. In this scenario, both the duration and size of each batch are 377

unknown and are determined by the model itself. The model’s sole issue is a non-linear constraint, 378

which imposes certain limitations on solver selection. 379

Additionally, we analyzed Model Three to investigate how a diverse range of resources, energy 380

efficiency, and load balancing influence the model’s task assignment strategy. This model operates 381
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without the complexities associated with batching, allowing us to assess task assignments in a more 382

straightforward context. 383

Finally, we analyzed the fourth model, which is linear and not only incorporates dynamic batch- 384

ing but also optimizes resource allocations and energy efficiency. This comprehensive formulation 385

integrates the strengths of both Model One, Scenario Three, and Model Three, enabling flexible 386

batch formation while accounting for heterogeneous server capabilities, energy consumption, and 387

load balancing across multiple resources. By eliminating the non-linear constraint present in previ- 388

ous models, this version remains solver-friendly while offering a more realistic and scalable solution 389

framework for complex scheduling environments. 390

We applied these optimization models to three distinct synthetic datasets to evaluate their 391

effectiveness in enhancing data center operations. Each model requires a specific dataset, and 392

given the computational resources available for this project, we carefully considered the size of 393

each dataset accordingly. We also discussed restrictions of applying model 4 on real dataset from 394

Google data centers. 395

4.2 First Experiment 396

The dataset for Model One, Scenario Three comprises 60 tasks, 4 servers, and 4 batches. Each 397

server’s capacity is a randomly assigned integer between 20 and 30, while each task’s demand is a 398

randomly assigned value between 3 and 8. Predicted processing time of task on each server is also 399

provided. This setup allows the model to determine the optimal assignment of tasks to servers 400

within the specified batches. 401

For this specific application, each solver presents its own advantages and disadvantages. Through 402

a trial-and-error approach, we ultimately selected the solver that offered the lowest computation 403

time. The solver chosen for this model is FilMINT, which is based on the LP/NLP algorithm devel- 404

oped by Quesada and Grossmann and implemented within a branch-and-cut framework. FilMINT 405

was developed by a group of scientists, Kumar Abhishek, Sven Leyffer, and Jeff Linderoth. We 406

utilized NEOS Server to run these experiments. 407

Here is a brief summary of model 1 scenario 3 statistics.

Table I: Model 1 Scenario 3 Statistics

Parameter Value

Number of Constraints 1,040
Number of Variables 1,029
Number of Continuous Variables 69
Number of Binary Variables 960

408

The FilMINT solver employed a robust Branch and Cut methodology integrated with Sequen- 409

tial Quadratic Programming (filterSQP) to efficiently identify the optimal solution for the given 410

Mixed-Integer Nonlinear Programming (MINLP) problem. Initially, the solver performed presolve 411

operations to eliminate redundant constraints, thereby simplifying the problem structure. FilMINT 412

strategically handled the 60 nonlinear constraints by solving a single NLP relaxation, leveraging 413

filterSQP to manage nonlinearity while maintaining a linear objective function for enhanced com- 414

putational efficiency. The solver generated seven lifted knapsack covers as cutting planes to tighten 415

the feasible region, effectively reducing the solution space without extensive cut generation. Addi- 416

tionally, active primal heuristics and bound improvement techniques facilitated rapid convergence 417

by quickly identifying feasible solutions and refining objective bounds. Notably, the Branch and 418

Bound process concluded at the root node with a tree depth of zero, indicating that the optimal so- 419

lution was attained without further branching. Overall, FilMINT demonstrated high efficiency by 420

solving the problem within 0.44 seconds, underscoring its capability to handle large-scale MINLPs 421

through a combination of advanced preprocessing, selective cut generation, and effective heuristic 422

strategies. 423

The files included in Appendix A are model1.mod, data1.dat, and job1.run, all written in 424

AMPL. Additionally, the data generator file, written in Python (datagen1.py), is attached in 425

Appendix A for further analysis. 426

The results show that the model works fine and correctly assign tasks in various batches to 427

each server based on the optimum processing time. The result table is shown in Figure 1. The 428

complete table is attached in Appendix A. Figure 2 is also provided to show the completion time 429

for each task. By allowing the model to determine batch sizes and durations dynamically, we 430

observe that tasks are grouped in batches that minimize idle times and reduce total completion 431
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time. Figure 3 shows the distribution of tasks across batches, highlighting how the model leverages 432

batching to enhance scheduling efficiency. The model considers the varying processing times of 433

tasks on different servers, assigning tasks to servers where they can be completed more quickly. 434

This strategic assignment contributes to the minimization of total completion time, as depicted in 435

Figure 5, which shows the assigned processing time by server and batch. 436

Figure 1: A sample of tasks assigned to each server in each batch

Figure 2: Completion time for each task

4.3 Second Experiment 437

The dataset for Model 3 includes 60 tasks, 4 servers, and 4 resources: CPU, GPU, Memory, and 438

Storage. The processing time for tasks is randomly assigned as an integer between 1 and 10, while 439

setup time ranges from 0 to 3. The resource demand for each task ranges from 12 to 25, and the 440

available resources for each server fall between 50 and 100. Task priority weights are randomly 441

assigned as integers between 1 and 5. Additionally, the energy consumption rate for each server is 442

randomly selected within the range of 5 to 15. 443

To address this model, we employed Cplex which is a well known model for solving mixed integer 444

linear programing. We used IBM ILOG CPLEX Optimizer provided by NEOS to implement this 445

experiment. A summary of model 3 statistics is provided in table 2. 446

Table II: Model 3 Statistics

Parameter Value

Number of Equality Constraints 140
Number of Inequality Constraints 52
Number of Linear Variables 96
Number of Binary Variables 244

The CPLEX solver version 22.1.1.0 efficiently tackled the Mixed-Integer Programming (MIP) 447

problem by utilizing its advanced multi-threaded capabilities, employing four threads to enhance 448

computational performance. The solver implemented a primal simplex algorithm, executing 154 449

MIP simplex iterations to methodically explore the feasible region and optimize the objective 450

function, ultimately achieving an optimal integer solution with an objective value of 1728.301497 in 451

less than two seconds. Notably, the optimization process concluded without initiating any branch- 452

and-bound nodes, indicating that the linear programming relaxation of the problem was either 453

inherently integer-feasible or that CPLEX’s sophisticated presolving and cutting-plane techniques 454

were sufficiently effective in identifying the optimal solution without the need for further branching. 455
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Figure 3: Distribution of tasks across batches

Figure 4: Distribution of tasks across servers
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Figure 5: Distribution of assigned processing time by server and batch

The essential files associated with this model, including model3.mod, data3.dat, and job3.run, 456

are provided in Appendix B. These files are all written in AMPL, ensuring consistency and ease 457

of use within the modeling environment. Additionally, we have included the Python-based data 458

generator script, datagen3.py, in Appendix B to support further analysis and replication of our 459

results. 460

Figure 6 presents the results for Model 3, highlighting the outcomes of our optimization efforts 461

and offering insights into the performance and efficiency of task assignments across servers based 462

on task priorities. The model achieves a balanced utilization of critical resources (CPU, GPU, 463

Memory, and Storage) across all servers. Figure 7 demonstrates that the load imbalance for each 464

resource is minimized, preventing any single resource from becoming a bottleneck. 465

By incorporating energy consumption into the objective function, the model assigns tasks in a 466

way that reduces the total energy usage. Servers with lower energy consumption rates are preferred 467

for tasks with higher processing times, leading to an overall reduction in energy expenditure. 468

The inclusion of task priority weights ensures that critical tasks are prioritized in the scheduling 469

process. This is reflected in Figure 8, where high-priority tasks are assigned to servers capable of 470

completing them more efficiently. 471

4.4 Third Experiment 472

We began by linearizing Model 1 (Scenario 3). Figure 9 compares the performance of non-linear 473

version along with two linear versions of model 1. We ended up choosing linear test 2, which 474

outperform others in terms of completion time, and number of iterations in a fixed amount of 475

time. 476

To assess the performance of our proposed optimization framework, we conducted a series of 477

computational experiments based on model 4 which is a linearized version of Model 1 (Scenario 478

3), subsequently combined with the resource allocation features of Model 3. This unified formula- 479

tion integrates task scheduling and resource optimization through a weighted objective function, 480

enabling a balanced trade-off between completion time and resource efficiency. 481

We chose to generate synthetic datasets programmatically in Python. These datasets facilitated 482

controlled experimentation across various problem scales. In each experiment, we fixed the number 483

of servers and their respective capacity levels. We then incrementally increased the number of tasks 484

and the number of batches. The number of batches was computed using a heuristic to ensure that 485

the total demand within each batch remained below the aggregate capacity of the servers. This 486

approach ensured feasibility and realistic constraints within the synthetic workloads. 487

During early experimentation, we observed that the solver consistently returned an objective 488

function value of zero for larger datasets. This output typically indicates that the model is infeasible 489

under the current formulation or parameterization. To systematically investigate the source of this 490

infeasibility, we designed a series of experiments using synthetic datasets with task counts ranging 491

from 100 to 1000, in increments of 100. Each dataset was configured with three servers and two 492
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Figure 6: Task assignment to servers

Figure 7: Server utilization and load imbalance for each server
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Figure 8: Completion time of assigned tasks on servers

resource types. The number of batches was not fixed but instead dynamically calculated to ensure 493

that each batch’s total resource demand remained within the aggregate capacity of the servers. 494

We adopted 1000 seconds as the benchmark time limit for all subsequent experiments. We also 495

employed Cplex as the optimizer for this model. 496

To investigate this behavior, we relaxed the integrality constraints, allowing binary variables 497

to assume continuous values in the interval [0, 1]. In these relaxed scenarios, the model frequently 498

found feasible solutions, suggesting that the core problem was not the formulation itself but the 499

difficulty of solving the full MILP version at scale. 500

Our diagnostic experiments explored several model configurations and solver parameters aimed 501

at restoring feasibility. First, we experimented with adjusting the value of the large constant M 502

used in on of the constraints, which, if set improperly, can render the model either too loose or 503

overly restrictive. We found that tuning this parameter had a marginal impact but was not the 504

root cause of infeasibility. 505

Second, we increased the solver’s time limit to allow more exhaustive exploration of the so- 506

lution space. To better understand the trade-off between computation time and solution quality, 507

we experimented with a range of solver time limits. The results indicated that, while modest im- 508

provements were observed with extended time limits, the majority of high-quality solutions were 509

obtained within the first 1000 seconds. Additionally, this adjustment enabled the solver to make 510

further progress in some instances, but did not consistently resolve the zero-objective issue. 511

Third, we developed and applied warm-start strategies to guide the solver using initial feasible 512

solutions obtained from the relaxed model or from heuristic-based methods. While warm-starting 513

significantly improved performance on mid-size instances, it was insufficient to guarantee conver- 514

gence for larger datasets. 515

Fourth, we leveraged the solutionlimit option in AMPL to instruct the solver to stop upon 516

finding the first feasible solution, rather than seeking optimality. This modification proved effective 517

in several cases, confirming that feasible solutions existed but were difficult to find within default 518

solver settings. 519

Next, We explored the effect of incrementally increasing the number of batches. We found that 520

for large-scale datasets, expanding the number of batches often facilitated the discovery of feasible 521

solutions. This supports our hypothesis that batching flexibility plays a critical role in solving 522

MILP problems with high-dimensional task and resource configurations. 523

A key modeling challenge involved selecting an appropriate number of batches. Increasing 524

the batch count generally improved feasibility by distributing task demand more evenly, thereby 525

lowering the likelihood of violating server constraints. However, a larger number of batches also 526

introduced more binary variables, which increased the model’s complexity and computational bur- 527

den. Figure 10 shows that after 600 tasks, estimated number of batches started to diverge from the 528

feasible number of batches needed. Determining the optimal number of batches became a critical 529

parameter tuning problem. While increasing the batch count often aided feasibility, it also posed 530

trade-offs in terms of solver run-time and memory requirements. 531
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Together, these diagnostic experiments provided critical insights into model behavior and solver 532

limitations. They also guided the development of more robust formulations and solution strategies 533

for handling large-scale data center scheduling problems. 534

All optimization runs were executed using the NEOS Server. While publicly accessible and 535

widely used, Neos servers impose strict constraints on memory, disk space, execution time, and 536

input file sizes. These limitations restricted our ability to solve large-scale problem instances. We 537

carefully formatted and minimized input files to mitigate these issues, but many large problem 538

instances were still unsolvable within NEOS’s operational limits. 539

Managing experiments presented its own logistical difficulties. Each run required manual editing 540

of AMPL files, submission to the NEOS server, and monitoring of the job’s progress and outcome. 541

In contrast to machine learning experimentation, where frameworks for automated job schedul- 542

ing and experiment tracking are well developed, the field of optimization lacks widely adopted 543

infrastructure for experiment management. To address this gap, we developed an application 544

that automates job submission to NEOS and logs the outcomes, providing a more structured and 545

reproducible experiment pipeline. 546

Despite the promising capabilities of the integrated MILP model, several methodological chal- 547

lenges persist. Unlike ensemble methods such as boosting in machine learning, there is currently 548

no standard approach for combining multiple optimization models or learned heuristics in MILP 549

frameworks. We are actively investigating the possibility of using learning-augmented optimization 550

techniques, where surrogate models or trained policies guide solver decisions. Initial developments 551

include the creation of an interface that sends structured optimization jobs to NEOS and archives 552

the results for analysis. This hybrid method combining traditional MILP solvers with machine 553

learning remains a focus of our ongoing work. 554

Figure 9: Comparison performance of different versions of model 1 scenario 3

Our experiments highlight several important trade-offs among the tested models. Model One, 555

with its nonlinear constraints, enables dynamic batching and offers greater scheduling flexibility, 556

which can be advantageous in environments with variable workloads. However, this added flex- 557

ibility comes at the cost of significantly increased computational overhead, resulting in limited 558

scalability and feasibility challenges for larger datasets. In contrast, Model Three adopts a fully 559

linearized structure that integrates multiple resource types and energy considerations. This model 560

not only promotes better resource utilization and sustainability but also scales more efficiently, 561

making it suitable for larger problem instances under constrained computational resources. Build- 562

ing on these insights, Model Four offers a robust integration of both approaches. It retains the 563

benefits of dynamic batching while maintaining linearity, allowing it to manage energy and multi- 564

resource constraints effectively. Model Four consistently demonstrated higher feasibility, better 565

objective values, and more stable performance across different time limits, positioning it as the 566

most practical and scalable model tested. 567
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Figure 10: Estimated vs. Feasible Number of Batches

Table III: Summaray of Third Experiment
Parameter / # Tasks 100 200 300 400 500 600 700 800 900 1000 *

Binary Variables 4803 13803 40503 61203 105003 151203 218403 266403 423903 513003
Linear Variables 1747 4861 13905 20917 35655 51183 73723 89837 142529 172357
Equality Constraints 109 209 309 409 509 609 709 809 909 1009
Inequality Constraints 14526 41575 121829 183971 315504 454202 655942 799991 1272813 1540211
# Simplex Iterations 1.03E+07 4.5E+06 518601 254156 91510 103640 14 21 189755 1.7E+06
N (Feasible) 16 23 45 51 70 84 104 111 157 171
Z 5092 40781 130914 187971 339905 478905 679601 851925 1309770 1703840

4.5 Limitations of the Borg 2019 Trace for Full Model Evaluation 568

In 2011, Google released a one-month trace from its Borg cluster management system to help 569

external researchers investigate large-scale scheduling behavior. Since then, hundreds of researchers 570

have used this dataset to examine various aspects of cluster scheduling. However, questions remain 571

about how workloads and scheduling strategies have changed over time. To address this, Google 572

published a new dataset in 2019, which contains detailed job scheduling data from eight different 573

Borg clusters (cells) throughout May 2019. 574

Table IV: Summary of Google Borg Trace (May 2019)

Attribute May 2019

Duration 31 days
Clusters 8
Machines 96.4k
Machines per cluster 12.0k
Hardware platforms 7
Priority values 0–450
Alloc sets Y
Job dependencies Y
Batch queueing Y
Vertical scaling Y
Format BigQuery tables

To adapt the 2019 Google Borg trace to our mixed-integer scheduling framework we first 575

mapped each available trace column to the corresponding symbol in the model. Every task is 576
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uniquely identified by the pair (collection id, instance index), which therefore defines the set T . 577

The field machine id plays the same role for the server set S. Requested CPU and memory, 578

stored in the loosely JSON-encoded field resource request, provide the two-dimensional demand 579

vector di,r. Because the public release strips machine-capacity information, provisional capaci- 580

ties rj,r were fixed only by requiring them to exceed the largest single-task demand observed; this 581

choice guarantees feasibility but is not grounded in the trace itself. Borg’s integer priority (0–450) 582

serves as the weight wi in the objective. Processing time pi,j was taken as the wall-clock interval 583

end time− start time on the machine where each task ultimately finished, acknowledging that the 584

trace contains no information about how long the same task would have run on any other host. 585

Several parameters required by the optimization remain without empirical support. The trace 586

offers no direct or indirect measure of per-server energy consumption, so the coefficients ej that 587

scale the energy term cannot be populated from data. Because each task appears on at most 588

one machine, the full task–server timing matrix pi,j is largely unobserved; only a single diagonal 589

slice is available, leaving the majority of entries underspecified. Verified server capacities rj,r are 590

also missing, as the capacity-defining protobuf attributes were removed during anonymisation. 591

Additional resource classes such as disk bandwidth, network throughput, or accelerator slots are 592

absent altogether, and there is no field that could serve as a setup or transition delay Si,j . Finally, 593

the trace provides no guidance on the relative economic value of completion time, energy, and load 594

balance, so the scaling constants in the objective (α, β, γ) cannot be calibrated from measurement. 595

These omissions imply that the public Borg trace does not contain sufficient measured informa- 596

tion to evaluate the full optimisation model on real data. Any numerical study performed directly 597

on the trace would necessarily substitute external assumptions for the missing quantities, making 598

the results a reflection of those assumptions rather than of the production-cluster behaviour that 599

the trace records. 600

5 Leveraging Machine Learning to Accelerate MILP Based 601

Batch Scheduling 602

Data driven models now act as powerful co pilots for exact MILP solvers such as CPLEX or Gurobi. 603

While branch and bound is still required for global optimality, graph based neural networks can 604

drastically shorten the search or, in time critical settings, generate high quality schedules outright. 605

Three complementary roles have emerged. First, constructive policies rely on pointer network 606

or Transformer architectures augmented with graph attention to capture task–server–resource re- 607

lationships. Trained through reinforcement learning that rewards lower objective values, these 608

policies sequentially emit assignment triples—task, server, batch—producing feasible schedules in 609

milliseconds and supplying excellent warm starts for the MILP solver. Second, solver guidance 610

networks embed a graph neural network inside the solver’s callback. By imitating strong branch- 611

ing traces extracted from optimally solved instances, the model learns which branch to explore or 612

prune, reducing the branch and bound tree by factors of two to ten while preserving optimality 613

guarantees. Third, variable and constraint screening models use supervised GNN classifiers to flag 614

unlikely assignment variables for early fixing or to suggest tighter cutting planes. By shrinking 615

the model before optimisation begins, they lower memory use and node counts and can transform 616

otherwise intractable large instances into solvable ones. A practical workflow starts by solving a 617

representative set of small and medium instances of the MILP and recording optimal assignments, 618

branching paths and dual signals. Each instance is then encoded as a heterogeneous graph with 619

task, server and (optionally) batch nodes, while edge features carry processing times, demands and 620

capacities. Supervised learning replicates optimal screening and branching choices, whereas rein- 621

forcement learning rolls out complete schedules and back propagates the weighted completion time, 622

energy and imbalance cost to train constructive policies. Deployment is flexible: the constructive 623

policy alone provides a rapid, near optimal schedule when that is sufficient, and when exact guar- 624

antees are mandatory, its schedule is passed to the solver as an initial incumbent while the guidance 625

and screening models accelerate the remaining search. Several caveats remain. During decoding, 626

infeasible moves must be masked or repaired to respect resource and batch constraints. Distribu- 627

tion shifts in tasks, servers or resources require re training because GNN generalization, although 628

strong, is not unlimited. Finally, when regulatory or service level commitments demand rigorous 629

optimality, the MILP solver should always verify and polish the machine learning proposal. By 630

weaving these graph based techniques into the optimization pipeline, practitioners regularly achieve 631

order of magnitude speed ups without sacrificing the robustness that makes MILP an attractive 632

foundation for mission critical batch scheduling problems. 633
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6 Conclusion 634

In this project, we developed and evaluated several optimization models aimed at improving task 635

assignment and resource utilization in data center operations. Our focus included both nonlinear 636

and linear formulations, with extensive testing conducted on synthetic datasets. Early experiments 637

revealed that nonlinear constraints, while offering dynamic batching capabilities, significantly in- 638

creased computational complexity and resulted in frequent memory and disk overflows on the NEOS 639

optimization server. These scalability limitations made such models impractical for large-scale or 640

real-time applications. 641

Among the tested solvers, FilMINT performed best under the first nonlinear scenario, though 642

we faced uncertainty regarding whether performance limitations were due to the solver environment 643

or the structure of the data. Conversely, the second, linearized model exhibited stronger scalability 644

and fewer technical obstacles when applied to larger datasets. 645

Building on these insights, we developed a fully linearized Model Four that integrates the 646

strengths of the earlier models. It supports dynamic batching and energy-aware multi-resource 647

management while remaining computationally tractable. This model demonstrated consistent 648

feasibility and improved solution quality, even under tight solver time limits, making it the most 649

robust formulation in our study. 650

A central modeling challenge involved determining the number of batches. While increasing 651

the batch count improved feasibility by distributing task demand more evenly, it also added binary 652

variables, leading to higher computational overhead. As shown in Figure 10, beyond 600 tasks, the 653

suggested number of batches increasingly diverged from the actual number needed, highlighting the 654

need for better heuristics or adaptive strategies. This parameter tuning problem played a critical 655

role in balancing solution quality with solver runtime and memory constraints. 656

All experiments were run using the NEOS Server for Optimization, which—despite being widely 657

accessible—imposed strict limits on memory, disk space, execution time, and file size. These con- 658

straints restricted our ability to scale experiments, even with careful input formatting. Addition- 659

ally, the lack of built-in tools for managing large experiment batches posed logistical challenges. 660

Unlike in machine learning workflows, optimization lacks mature tools for experiment tracking and 661

automation. To address this, we developed a prototype application for automated job submission 662

and logging, facilitating more structured and reproducible experimentation. 663

Despite these advances, important challenges remain. While the idea of integrating boosting 664

techniques from machine learning into optimization is promising, there is currently no general- 665

purpose framework that supports this within a MILP context. Most existing solvers do not accom- 666

modate the kind of iterative, feedback-driven learning that boosting relies on. Although optimizing 667

the branching rules or tuning the branch-and-bound process could theoretically improve perfor- 668

mance, this was beyond the scope of our research. Instead, we began experimenting with ways 669

to incorporate learning-based guidance into the modeling and solution process—such as using ap- 670

proximate models to guide variable selection or warm-start strategies. As part of this effort, we 671

have developed a prototype tool for structuring, submitting, and tracking NEOS optimization jobs, 672

laying the groundwork for more intelligent and automated experimentation in future work. 673

Future work will explore AI-driven continual learning that automatically adapts the machine-learning674

policies to changing workload patterns, as well as deeper integrations where the MILP solver can 675

query the neural model on-the-fly for AI-generated branching choices and cut suggestions. 676
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8 Appendix A, B, and C 853

• model 1 scenario 3 result 854

Table V: Model 1 Scenario 3 Results

Task Demand Server Resource Batch

t1 8 s3 30 2
t10 6 s4 28 1
t11 7 s3 30 3
t12 6 s1 24 4
t13 7 s1 24 4
t14 7 s3 30 2
t15 3 s3 30 1
t16 3 s4 28 1
t17 6 s4 28 3
t18 5 s4 28 1
t19 5 s4 28 2
t2 8 s4 28 2
t20 6 s2 22 3
t21 3 s3 30 1
t22 6 s3 30 3
t23 4 s4 28 1
t24 7 s3 30 4
t25 8 s1 24 4
t26 3 s3 30 1
t27 8 s4 28 2
t28 4 s4 28 1
t29 3 s3 30 1
t3 3 s4 28 1
t30 6 s3 30 1
t31 8 s3 30 4
t32 6 s2 22 3
t33 5 s1 24 2
t34 3 s1 24 1
t35 4 s3 30 1
t36 3 s3 30 1
t37 8 s1 24 3
t38 3 s2 22 1
t39 8 s3 30 3
t4 4 s2 22 1
t40 7 s3 30 3
t41 7 s3 30 4
t42 3 s1 24 1
t43 4 s2 22 2
t44 3 s1 24 1
t45 7 s1 24 2
t46 8 s3 30 2
t47 4 s1 24 1
t48 5 s2 22 3
t49 5 s2 22 1
t5 6 s1 24 3
t50 8 s3 30 4
t51 4 s3 30 1
t52 3 s1 24 2
t53 6 s3 30 2
t54 6 s1 24 3
t55 8 s1 24 2

Continued on next page

27



Table V: Model 1 Scenario 3 Results

Task Demand Server Resource Batch

t56 3 s1 24 1
t57 3 s1 24 1
t58 5 s2 22 3
t59 6 s2 22 2
t6 3 s3 30 1
t60 3 s1 24 1
t7 5 s2 22 1
t8 8 s2 22 2
t9 4 s2 22 1

• All other files are located in this GitHub page: 855

https://github.com/ai24-7/Math6940 projects computational mathematics/ 856

For further information, please contact author at ds177320@ohio.edu 857
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